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ABSTRACT

This paperdescribesa lattice-basedframework for maximummu-
tual information estimation(MMIE) of HMM parameterswhich
hasbeenusedto train HMM systemsfor conversationaltelephone
speechtranscriptionusingup to 265 hoursof training data. These
experimentsrepresentthelargest-scaleapplicationof discriminative
training techniquesfor speechrecognitionof which theauthorsare
aware,andhave led to significantreductionsin word error ratefor
both triphoneandquinphoneHMMs comparedto our bestmodels
trainedusingmaximumlikelihoodestimation. The useof MMIE
training wasa key contributer to the performanceof the CU-HTK
March2000Hub5evaluationsystem.

1 INTRODUCTION

The model parametersin HMM basedspeechrecognition sys-
temsarenormallyestimatedusingMaximumLikelihoodEstimation
(MLE). If certainconditionshold,includingmodelcorrectness,then
MLE canbe shown to be optimal. However, whenestimatingthe
parametersof HMM-basedspeechrecognisers,thetruedatasource
is not anHMM andthereforeothertraining objective functions,in
particularthosethatinvolve discriminative training,areof interest.

During MLE training,modelparametersareadjustedto increase
the likelihoodof the word stringscorrespondingto the training ut-
teranceswithout takingaccountof theprobabilityof otherpossible
word strings. In contrastto MLE, discriminative trainingschemes,
suchasMaximumMutual InformationEstimation(MMIE) whichis
thefocusof thispaper, takeaccountof possiblecompetingwordhy-
pothesesandtry andreducetheprobabilityof incorrecthypotheses.

Discriminative schemeshave beenwidely usedin smallvocabu-
lary recognitiontasks,wheretherelatively smallnumberof compet-
ing hypothesesmakes training viable. For large vocabulary tasks,
especiallyon largedatasetstherearetwo mainproblems:generali-
sationto unseendatain orderto increasetest-setperformanceover
MLE; and providing a viable computationframework to estimate
confusablehypothesesandperformparameterestimation.

This paperis arrangedasfollows. First thedetailsof theMMIE
objective functionareintroduced.Thenthelattice-basedframework
usedfor a compactencodingof alternative hypothesesis described
alongwith theExtendedBaum-Welch (EBW) algorithmfor updat-
ing model parameters.Methodsto enhancegeneralisationperfor-
manceof MMIE trainedsystemsare also discussed.Setsof ex-
perimentsfor evaluatingthetechniquesonconversationaltelephone
speechtranscriptionarepresentedthatshow how MMIE trainingcan
besuccessfullyappliedover a rangeof trainingsetsizes;theeffect
of methodsto improve generalisation;andtheinteractionof MMIE
with maximum-likelihoodadaptation.

2 MMIE CRITERION

MMIE training wasproposedin [1] asan alternative to MLE and
maximisesthe mutual information betweenthe training word se-
quencesandtheobservation sequences.Whenthe languagemodel
(LM) parametersarefixedduringtraining(asthey arein this paper
andin almostall MMIE work in theliterature),theMMIE criterion
increasesthe a posteriori probability of the word sequencecorre-
spondingto thetrainingdatagiventhetrainingdata.
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with correspondingtranscriptions��� � � , theMMIE objective func-
tion is givenby
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where 1 2 is the compositemodelcorrespondingto the word se-
quence� and
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is theprobabilityof thissequenceasdetermined

by thelanguagemodel.Thesummationin thedenominatorof (1) is
takenover all possibleword sequences

;� allowedin thetaskandit
canbereplacedby
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where 13=�>@? encodesthe full acousticandlanguagemodelusedin
recognition.

It shouldbe notedthat optimisationof (1) requiresthe maximi-
sationof the numeratorterm , - � ���0/ 1A2B4 ! , which is identical to
the MLE objective function, while simultaneouslyminimising the
denominatorterm ,.- � �C/ 13=�> ? ! .

3 EXTENDED BAUM-WELCH
ALGORITHM

Themosteffectivemethodto optimisetheMMIE objective function
for largedataandmodelsetsis theExtendedBaum-Welch (EBW)
algorithm[3] asappliedto GaussianmixtureHMMs [6].

The updateequationsfor the meanof a particulardimensionof
the Gaussianfor stateD , mixture componentE , FBG
H andthe cor-
respondingvariance,IKJG
H (assumingdiagonalcovariancematrices)
canbere-estimatedby
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In theseequations,the N Gba H � � !
and N Gba H � � J ! aresumsof dataand

squareddatarespectively, weightedby occupancy, for mixturecom-
ponent E of stateD , andthe Gaussianoccupancies(summedover
time)areY G
H . Thesuperscriptsc^dBe andfhg�c referto themodelcor-
respondingto thecorrectwordsequence,andtherecognitionmodel
for all word sequences,respectively.

It is importantto have an appropriatevaluefor
W

in the update
equations,(3) and (4). If the value set is too large then training
is very slow (but stable)andif it is too small the updatesmay not
increasethe objective function on eachiteration. A useful lower
boundon

W
is the value which ensuresthat all variancesremain

positive. Using a single global value of
W

can lead to very slow
convergence,andin [9] a phone-specificvalueof

W
wasused.

In preliminary experiments,it was found that the convergence
speedcould be further improved if

W
was set on a per-Gaussian

level, i.e. a Gaussianspecific
W GSH wasused.It wassetat themax-

imum of i) twice the value necessaryto ensurepositive variance
updatesfor all dimensionsof the Gaussian;or ii) the denominator
occupancy Y =�>@?GSH .

The mixture weight valuesweresetusinga novel approachde-
scribedin [7]. The exact updaterule for the mixture weights is
not too importantfor the decision-treetied-statemixture Gaussian
HMMs usedin the experimentsreportedhere,sincethe Gaussian
meansandvariancesplaya muchlargerrole in discrimination.

4 IMPROVING MMIE GENERALISATION

An importantissuein MMIE training is theability to generaliseto
unseentestdata.While MMIE trainingoftengreatlyreducestrain-
ing seterrorfrom anMLE baseline,thereductionin errorrateonan
independenttestsetis normallymuchless,i.e., comparedto MLE,
the generalisationperformanceis poorer. Furthermore,aswith all
statisticalmodellingapproaches,the morecomplex the model,the
poorerthegeneralisation.Sincefairly complex modelsareneededto
obtainoptimalperformancewith MLE, it canbedifficult to improve
thesewith conventionalMMIE training. We have consideredtwo
methodsof improving generalisationthatboth increasetheamount
of confusabledataprocessedduringtraining:weaker languagemod-
elsandacousticmodelscaling.

In [8] it wasshown that improved test-setperformancecouldbe
obtainedusinga unigramLM during MMIE training,even though
a bigram or trigram was usedduring recognition. The aim is to
provide morefocuson the discriminationprovided by theacoustic
model by looseningthe languagemodel constraints. In this way,
moreconfusabledatais generatedwhich improvesgeneralisation.
An unigramLM for MMIE trainingis investigatedin this paper.

Whencombiningthe likelihoodsfrom an HMM-basedacoustic
modelandtheLM it is usualto scaletheLM log probability. This
is necessarybecause,primarily due to invalid modelling assump-
tions, the HMM underestimatesthe probability of acousticvector
sequences.An alternative to LM scalingis to multiply the acous-
tic modellog likelihoodvaluesby theinverseof theLM scalefactor
(acousticmodelscaling).While thisproducesthesameeffectaslan-
guagemodelscalingwhenconsideringonly a singlewordsequence
asfor Viterbi decoding,whenlikelihoodsfrom differentsequences
are added,suchas in the forward-backward algorithm or for the
denominatorof (1), the effectsof LM andacousticmodelscaling
arevery different. If languagemodelscalingis used,oneparticu-
lar state-sequencetendsto dominatethe likelihoodat any point in
time andhencedominatesany sumsusingpathlikelihoods. How-
ever, if acousticscalingis used,therewill beseveralpathsthathave

fairly similar likelihoodswhich make a non-negligible contribution
to the summations.Thereforeacousticmodelscalingtendsto in-
creasetheconfusabledatasetin trainingby broadeningtheposterior
distributionof stateoccupationY =�>@?GSH thatis usedin theEBW update
equations.This increasein confusabledataalsoleadsto improved
generalisationperformance.

5 LATTICE-BASED MMIE TRAINING

Theparameterre-estimationformulaepresentedin Section3 require
thegenerationof occupationandweighteddatacountsfor both the
numeratortermswhich rely onusingthecorrectwordsequenceand
the denominatortermswhich usethe recognitionmodel. The cal-
culationof the denominatortermsdirectly is computationallyvery
expensive andso,in this work andassuggestedin [9], word lattices
areusedto approximatethedenominatormodel.

The first stepis to generateword-level lattices,normally using
anMLE-trainedHMM systemanda bigramLM appropriatefor the
training set. This stepis normally performedjust onceandfor the
experimentsin Section6 theword latticesweregeneratedin about
5x Real-Time (RT).1

Thesecondstepis to generatephone-marked latticeswhich label
eachword latticearcwith a phone/modelsequenceandtheViterbi
segmentationpoints. Theseare are found from the word lattices
anda particularHMM set,which may bedifferentto theoneused
to generatetheoriginal word-level lattices. In our implementation,
thesephonemarkedlatticesalsoencodetheLM probabilitiesusedin
MMIE trainingwhichagainmaybedifferentto theLM usedto gen-
eratetheoriginalword-level lattices.Thisstagetypically tookabout
2xRT to generatetriphone-marked lattices for the experimentsin
Section6, althoughthespeedof this processcouldbeconsiderably
increased.

Given the phone-marked latticesfor the numeratoranddenom-
inator of eachtraining audiosegment,the lattice searchusedhere
performsa full forward-backwardpassat thestate-level constrained
by the lattice andthe statisticsneededfor the EBW updatesaccu-
mulated. Pruningis performedby usingthe phone-marked lattice
segmentationpointsextendedby a short-periodin eachdirection.2

The searchwasalsooptimisedasfar aspossibleby combiningre-
dundantlyrepeatedmodelswhichoccurin thephone-markedlattice.
Typically aftercompaction,themethodrequiresabout1xRT per it-
erationfor theexperimentsin Section6.

6 MMIE EXPERIMENTS ON HUB5 DATA

This sectiondescribesa seriesof MMIE trainingexperimentsusing
theCambridgeUniversityHTK (CU-HTK) systemfor thetranscrip-
tion of conversationaltelephonedatafrom theSwitchboardandCall
HomeEnglishcorpora(“Hub5” data).Theseexperimentswereper-
formedin preparationfor the NIST March 2000Hub5 Evaluation.
Detailsof theMarch 2000CU-HTK Hub5systemcanbe found in
[5].

The experimentsinvestigatedthe effect of different training set
andHMM setsizesandtypes;the useof acousticlikelihoodscal-
ing andunigramLMs in training andany possibleinteractionsbe-
tweenMMIE training and maximumlikelihood linear regression-
basedadaptation.

1All run timesaremeasuredonanIntel PentiumIII runningat 550MHz.
2Typically 50msat boththestartandendof eachphone.



6.1 Basic CU-HTK Hub5 System
The CU-HTK Hub5 systemis a continuousmixture density, tied-
statecross-wordcontext-dependentHMM systembasedontheHTK
HMM Toolkit. The full systemoperatesin multiple passes,us-
ing morecomplex acousticandlanguagemodelsandunsupervised
adaptationin laterpasses.

Incomingspeechis parameterisedinto cepstralcoefficients and
their first andsecondderivatives to form a 39 dimensionalvector
every 10ms. Cepstralmeanandvariancenormalisationandvocal
tractlengthnormalisationis performedfor eachconversationsidein
bothtrainingandtest.

The HMMs are constructedusing decision-treebasedstate-
clusteringandbothtriphoneandquinphonemodelscanbeused.All
experimentshereusedgenderindependentHMM sets.Thepronun-
ciationdictionaryusedin theexperimentsdiscussedbelow wasfor
eithera 27k vocabulary (asusedin [4]) or a 54k vocabulary andthe
coreof thisdictionaryis basedontheLIMSI 1993WSJlexicon. The
systemusesword-basedN-gramLMs estimatedfrom aninterpola-
tion of Hub5 acoustictraining transcriptionsandBroadcastNews
texts. In theexperimentsreportedhere,trigramLMs areusedunless
otherwisestated.

6.2 Experiments with 18 Hours Training
Initially we investigatedMMIE training using the 18 hour BBN-
definedMinitrain corpuswith anHMM setusing3088speechstates
and 12 Gaussian/stateHMMs, which were our bestMLE trained
models.Latticesweregeneratedon the trainingsetusinga bigram
LM. The bigram 1-besthypotheseshad a 24.6% word error rate
(WER)anda LatticeWER (LWER)of 6.2%.

MMIE %WER
Iteration AcousticScaling LM Scaling

0 (MLE) 50.6 50.6
1 50.2 51.0
2 49.9 51.3
3 50.5 51.4
4 50.9 –

Table1: 18 hour experimentswith 12 mixture componentmodels
(eval97sub):comparisonof acousticmodelandLM scaling.

TheMinitrain 12Gaussian/stateresultsgivenin Table1 compare
acousticandlanguagemodelscalingfor severaliterationsof MMIE
trainingon theeval97subtestset(a subsetof the1997Hub5evalu-
ation). It canbeseenthatacousticscalinghelpsavoid over-training
andthe bestWER is after 2 iterations.The training setlatticesre-
generatedaftera singleMMIE iterationgave a WER of 16.8%and
a LWER of 3.2%, showing that the techniqueis very effective in
reducingtrainingseterror. However, it wasfoundthat theseregen-
eratedlatticeswerenobetterto usein subsequenttrainingiterations
andsoall furtherwork usedjust theinitially generatedwordlattices.

The advantageof MMIE training for the 12 Gaussianper state
systemis smallandsothesamesystemwith 6 Gaussians/statewas
trained.Theresultsin Table2 andagainshow thebestperformance
aftertwo MMIE iterations.Furthermorethegainover theMLE sys-
temis 1.7%absoluteif a bigramLM is usedand1.9%absoluteif a
unigramLM is used:the6 GaussianperstateMMIE-trainedHMM
setnow slightly outperformsthe12 Gaussiansystem.Furthermore
it canbe seenthat usinga weakenedLM (unigram)improvesper-
formancea little.

MMIE %WER
Iteration LatticeBigram LatticeUnigram

0 (MLE) 51.5 51.5
1 50.0 49.7
2 49.8 49.6
3 50.1 50.0
4 50.8 –

Table 2: 18 hour experimentswith 6 mixture componentmodels
(eval97sub):comparisonof latticeLMs.

6.3 Experiments with 68 Hours Training

Theeffect of extendingthetrainingsetto the68 hourh5train00sub
set [5] was investigatednext using an HMM systemwith 6165
speechstatesand12Gaussians/state.Testswereperformedon both
theeval97subandthe1998evaluationset(eval98). In this casethe
phone-markeddenominatorlatticeshada LWER of 7.4%.

MMIE %WER
Iteration eval97sub eval98

0 (MLE) 46.0 46.5
1 43.8 45.0
2 43.7 44.6
3 44.1 44.7

Table 3: Word error rates on eval97sub and eval98 using
h5train00subtraining.

The resultsin Table 3 show that again the peak improvement
comesafter two iterations,but thereis an even larger reductionin
WER: 2.3% absoluteon eval97suband 1.9% absoluteon eval98.
The word error ratefor the 1-besthypothesisfrom the original bi-
gramwordlatticesmeasuredon10%of thetrainingdatawas27.4%.
TheMMIE modelsobtainedaftertwo iterationsonthesameportion
of training datagave an error rateof 21.2%,so againMMIE pro-
videda verysizeablereductionin trainingseterror.

6.4 Triphone Experiments with 265 Hours
Training

The good performanceon smaller training setsled us to investi-
gateMMIE trainingusingall theavailableHub5data:the265hour
h5train00set.Theh5train00setcontains267,611segmentsandnu-
meratoranddenominatorword level latticeswerecreatedfor each
trainedsegment,andfrom these,phone-marked latticesweregen-
erated.TheHMMs usedherehad6165speechstatesand16 Gaus-
sians/state.

MMIE %WER
Iteration eval97sub eval98

0 (MLE) 44.4 45.6
1 42.4 43.7

1 (3xCHE) 42.0 43.5
2 41.8 42.9

2 (3xCHE) 41.9 42.7

Table4: Word error rateswhenusingh5train00training with and
withoutCHEdataweighting(3xCHE).



Wealsoexperimentedwith data-weightingwith thissetupduring
MMIE training.Therationalefor this is thatwhile thetestdatasets
containequalamountsof SwitchboardandCHE data,the training
setis notbalanced.Thereforewegavea3x higherweightingto CHE
dataduring training. The resultsof theseexperimentson both the
eval97subandeval98 testsetsareshown in Table4. It canbeseen
thatthereis animprovementin WERof 2.6%absoluteoneval97sub
and2.7%oneval98.

Dataweightinggivesa further small improvement,althoughin-
terestingly, dataweightingfor MLE reducestheWER by 0.7%ab-
soluteon eval97sub. It might be concludedthat the extra weight
placedonpoorlyrecogniseddataby MMIE trainingrelativeto MLE
reducestheneedfor thedataweightingtechnique.

6.5 Quinphone Model Training
SincetheCU-HTK Hub5systemcanusequinphonemodels,we in-
vestigatedMMIE quinphonetrainingusingh5train00.Thedecision
treestateclusteringprocessfor quinphonesincludesquestionsre-
gardingi�j phonecontext andword-boundaries.Thebaselinequin-
phonesystemuses9640speechstatesand16 Gaussians/state.

ThequinphoneMMIE trainingusedtriphone-generatedword lat-
tices, but, since the phone-marked lattices were re-generatedfor
the quinphonemodels,it wasnecessaryto further prunetheword-
lattices.Theresultsof MMIE trainedquinphoneson theeval97sub
setare shown in Table5. Note that theseexperiments,unlike all
previousonesreportedhere,includepronunciationprobabilities.

MMIE %WER
Iteration eval97sub

0 (MLE) 42.0
1 40.4
2 39.9
3 40.1

Table5: QuinphoneMMIE resultson eval97sub. CHEdataweight-
ing usedfor MLE baseline.

As with the MMIE training runs discussedabove, the largest
WER reduction(2.1%absolute)comesaftertwo iterationsof train-
ing. Thereductionsin errorratearesimilarto thoseseenfor triphone
modelswhenCHEdataweightingis usedeventhoughtherewasex-
tra pruning requiredfor the phone-marked latticesand therewere
rathermoreHMM parametersto estimate.

6.6 Interaction with MLLR
All theaboveresultsusedmodelsthatwerenotadaptedto thepartic-
ular conversationsideusingmaximumlikelihoodlinear regression
(MLLR) [2]. To measureMLLR adaptationperformance,MMIE
andMLE models(with dataweighting)wereusedin a full-decode
of the testdata,i.e. not rescoringlattices,with a 4-gramlanguage
model.Theoutputfrom this first passwasusedto estimatea global
speechMLLR (block-diagonalmeananddiagonalvariance)trans-
form usingtheoutputfrom therespectivenon-adaptedpasswasused
for adaptationsupervision.Theadaptedmodelswerethenusedfor
a secondfull-decodepass.

Theresultsin Table6 show that theMMIE modelsare2.1%ab-
solutebetterthantheMLE modelswithout MLLR, and2.2%better
with MLLR. In this case,MLLR seemsto work just aswell with

Adaptation % WEReval98
MLE MMIE

None 44.6 42.5
MLLR 42.1 39.9

Table6: Effectof MLLR on MLE andMMIE trainedmodels.

MMIE trainedmodels:a relatively smallnumberof parametersare
beingestimatedwith MLLR andtheseglobal transformskeepthe
Gaussiansin thesame“configuration”asoptimisedby MMIE.

7 CONCLUSIONS

This paperhasdiscussedtheuseof discriminative trainingfor large
vocabulary HMM-basedspeechrecognitionfor a training set size
and level of task difficulty not previously attempted. It hasbeen
shown that2-3%absolutereductionsin word errorratescanbeob-
tainedfor thetranscriptionof conversationaltelephonespeech.The
useof HMMs trainedusingMMIE wasthemostsignificantaddition
to theMarch2000CU-HTK evaluationsystem.
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